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Abstract

Unlike many other texts, literary works are of-
ten translated multiple times. We investigate
strategies for leveraging these multi-reference
datasets to improve literary machine translation.
We propose a filtering framework based on se-
mantic similarity to identify source texts whose
references display meaningful variation while
remaining faithful. We find that fine-tuning
with medium to high semantic similarity data
substantially outperforms low semantic simi-
larity data. Moreover, using medium and high
semantic similarity data achieves comparable
or better performance than using the full unfil-
tered data.

Synthetic translations generated by LLMs are
economical and convenient alternatives to hu-
man expert translations; however, we find fine-
tuning on human expert translations outper-
forms fine-tuning on synthetically augmented
data in automatic metrics and human evalua-
tions, demonstrating the indispensable value of
human expert translations for fine-tuning liter-
ary machine translation models.

1 Introduction

Literary translation presents unique challenges
for machine translation (MT). Literary works are
deeply embedded in the source language and cul-
ture; therefore, it can be difficult to reproduce the
same meaning while preserving cultural context
and stylistic nuance in another language. Moreover,
literary translations are meant to be read. Fully ex-
plicating all interpretations would require substan-
tial annotation or commentary (e.g., in footnotes)—
what Nabokov memorably called “translations with
copious footnotes reaching up like skyscrapers”
(Nabokov, 1955)—and reduce readability.

As such, literary translators must balance mul-
tiple aspects of a source text when translating:
meaning, form, rhyme, style, and cultural con-
text (Jakobson, 1987; Lefevere, 1992; Hofstadter,

Figure 1: An example of semantic variation across hu-
man translations of the same source text. We analyze a
paragraph from Le Fantôme de l’Opéra (The Phantom
of the Opera) by Gaston Leroux. The original French
paragraph was translated into English by three different
literary translators. Using our proposed scoring sys-
tem SEMSIM, the average pairwise semantic similarity
across the English translations is 0.67.

1997). Some emphasize lexical and syntactic imi-
tation (formal equivalence), while others sacrifice
form for comprehensibility (dynamic/functional
equivalence) (Nida, 1964). Read together, differ-
ent translations of the same source text collectively
provide diverse interpretations and a richer under-
standing of the original work. For example, in
Figure 1, the three translations vary in style and
word choice, yet together they reveal not only the
meaning and literary style of the French text, but
also some of its etymological associations: trans-
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lation 2’s “dumb-show” draws out the theatrical
associations of the French word mimique, which is
related to mime and gesture-based expression.

Prior work has explored methods to syntheti-
cally generate additional references for a source
text via back-translation or paraphrasing (Madnani
et al., 2008; Zheng et al., 2018; Khayrallah et al.,
2020). However, these works are conducted within
non-literary domains such as news, and the text is
usually at sentence-level. News and literary texts
differ fundamentally in purpose and style: news
is generally written to be factual, direct, and un-
ambiguous, whereas literary writing is sometimes
intentionally open to interpretation, with authors
using devices such as metaphor, imagery, symbol-
ism, rhythm, and rhyme. Due to the very nature
of literary text, scholars and readers in compara-
tive literature and translation studies often compare
multiple translations of a source text to deepen their
understanding of the original and of how its mean-
ings are rendered across languages (Rose, 1997;
Stenberg, 2018; Szymanska, 2026).

Moreover, well-known literary works often have
multiple translations, particularly in high-resource
language pairs. It is reasonable to leverage the
wealth of expert-produced translations that are al-
ready available. However, the question is how to
effectively utilize them when training or fine-tuning
an MT system. Additionally, it’s worth investigat-
ing the performance gap between models trained on
expert translations and those trained on synthetic
paraphrases. Synthetic alternatives are more eco-
nomical and may be particularly beneficial to low-
resource languages where parallel data are scarce
(Khayrallah et al., 2020; de Gibert et al., 2025).

In this paper, we investigate how to leverage
multiple references for literary translation. Specif-
ically, we propose a filtering approach based on
semantic similarity scores: selecting source texts
whose reference translations collectively preserve
semantic fidelity while exhibiting meaningful lexi-
cal and syntactic variation, as measured by pairwise
semantic similarity scores.

This paper examines three hypotheses:

H1. Different ranges of semantic similarity
will lead to different performance: High and
medium SEMSIM lead to substantially better trans-
lation than low SEMSIM. (Section 6)

H2. A filtered dataset is better for fine-tuning
literary MT than an unfiltered dataset: Com-

bining high and medium SEMSIM data achieves
MT performance comparable or better than unfil-
tered dataset. (Section 7)

H3. A synthetic-augmented multi-reference
dataset will perform comparably to an expert-
translated dataset: Synthetic augmented dataset
does not improve MT performance as reliably as hu-
man expert-translated multi-reference data and can
underperform an unaugmented single-reference
dataset, depending on the fine-tuning models used
for augmentation. (Section 8)

For all the hypotheses, we compare performance
measured by automatic metrics and evaluations
from human translators. We also present zero-
shot MT results from commercial and open-weight
instruction-tuned models in Appendix D, and pro-
vide example outputs in Appendix I.

2 Related work

Literary machine translation is known to be a chal-
lenging task (Taivalkoski-Shilov, 2019; Brusasco,
2022; Corpas Pastor and Noriega-Santiáñez, 2024).
Unlike news and academic writing, literary lan-
guage often deploys devices such as imagery, sym-
bolism, metaphor, rhythm, and rhyme. Literary
text is deeply embedded in its linguistic, cultural
and historical contexts. Polysemy is one example:
when multiple meanings of a word in the source
text are intended to be evoked, but in the target
language there is no word with the same one-to-
many mapping, there is no direct translation. In
this situation, a translator will have to decide what
to prioritize in a translation. As such, to deepen
their understanding of the linguistic and cultural
nuance of the source text, scholars in compara-
tive literature and translation studies often compare
multiple translations (Rose, 1997; Stenberg, 2018;
Szymanska, 2026).

In machine translation, the idea of using multi-
ple target translations of a source text to improve
understanding of the source-target language pair
has long been explored in various ways. Much
of this work is through synthetically creating new
target texts: from using pivot-based paraphrasers
(Callison-Burch et al., 2006; Madnani et al., 2008),
to back-translation in statistical and neural machine
translation (Sennrich et al., 2016; Poncelas et al.,
2018; Edunov et al., 2018). More recently, LLMs
have been used for synthetic data generation in
many different tasks (Long et al., 2024), and LLMs’
ability to generate high-quality text is particularly
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beneficial in low-resource settings (Scalvini et al.,
2025; de Gibert et al., 2025). Although LLMs have
improved the quality and complexity of paraphrase
generation, they still make mistakes, particularly
for outputs longer than a single sentence (Jayawar-
dena and Yapa, 2024a,b; Su et al., 2022; Horvitz
et al., 2024; Mishra et al., 2024). Most prior work
focuses on non-literary domains and primarily at
sentence-level.

Many have explored employing post-editing to
improve literary MT (Besacier and Schwartz, 2015;
Thai et al., 2022; Castaldo et al., 2025). While
some have looked into fine-tuning methods for the
literary MT task (Li et al., 2024; Mikelenić et al.,
2025), we are unaware of work on how to optimally
fine-tune MT model for the literary domain, par-
ticularly with multiple translations per source text.
Moreover, no prior work has directly compared the
effects of fine-tuning on human data vs. synthetic
data for literary MT.

Finally, our filtering criterion differs from the
general notion of “noise” in MT: we filter based
on semantic similarity of target texts of the same
source text, not the mismatches or semantic diver-
gence between source and target. Nevertheless,
prior work on data filtering shows that training data
quality matters for MT performance (Carpuat et al.,
2017; Khayrallah and Koehn, 2018; Briakou and
Carpuat, 2021; Steingrímsson et al., 2023).

3 Experimental setup

We describe the models we use for MT and auto-
matic metrics we use in Section 3.2, and the de-
tails of pre-processing steps in Appendix A. We
discuss each hypothesis and its results using the
multi-reference datasets produced from the pre-
processing step in Sections 6 to 8.

3.1 Literary Translation Data

Popular works of world literature are often trans-
lated into English by multiple translators, and these
translations can differ stylistically while remaining
faithful to the original text. The Par3 dataset aligns
multiple English translations of each non-English
book at the paragraph level: each source paragraph
has at least two distinct English translations pro-
duced by expert literary translators (Thai et al.,
2022). Translating literature at paragraph-level in-
stead of sentence-level incorporates more discourse
features and has been proven to improve literary
MT (Voigt and Jurafsky, 2012). Although Par3 cov-

ers 19 source languages, we conduct experiments
only on the French-English and Russian-English
language pairs, which account for 48% and 32% of
the total source paragraphs, respectively. Although
both language pairs exhibit similar trends in au-
tomatic metrics, our discussion in Sections 6 to 8
will mainly focus on French-English, since we only
conducted human evaluations on this language pair.

3.2 Models and Automatic Metrics

We fine-tune three models for the literary ma-
chine translation task: mT5-Large (Xue et al.,
2021), Gemma3-12B-PT (Team et al., 2025), and
OpusMT (Tiedemann et al., 2023; Tiedemann and
Thottingal, 2020), and we use BLEU as the early-
stopping criterion for all models. Detailed model
descriptions, training details, and the descriptions
of automatic metrics are in Appendix B.

4 Measuring Semantic Similarity Among
References of the Same Source Text

Intuitively, reference translations of the same
source text should be semantically similar but not
identical: if two references’ semantic similarity is
too high, the meaning of the two would be nearly
identical, and the additional reference would pro-
vide little new learning signal; conversely, if the
semantic similarity is too low, the discrepancy may
indicate noise, such as source–target misalignment
or overly divergent translator interpretations.

We measure semantic similarity between ref-
erence translations of the same source text using
SEMSIM. This similarity score allows us to quan-
tify the variations among different references in
lexical choice or syntactic structure while express-
ing the same underlying meaning.

SEMSIM utilizes a semantic similarity scor-
ing model PARAGRAM-SP (Wieting et al., 2022).
PARAGRAM-SP score ranges from -1 to 1, where a
lower score indicates low semantic similarity, and
a higher score indicates high semantic similarity.
A model similar to this one from Wieting et al.
(2019b) was successfully used as a semantic simi-
larity reward in minimum risk training for neural
machine translation (Wieting et al., 2019a), build-
ing on prior minimum risk training methods for MT
(Smith and Eisner, 2006; Shen et al., 2016). Since
PARAGRAM-SP can only score the semantic simi-
larity for two texts, with more than two translations,
we take the average pairwise PARAGRAM-SP score
as the source text’s SEMSIM. Mathematically:
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SEMSIM (s) =
1

|C|
∑

(a,b)∈C

PARAGRAM-SP(a, b)

where M is the set of human translations given a
source text s, and C is all possible combinations
of a set of pairs in M . PARAGRAM-SP (a, b) is
the PARAGRAM-SP score given a pair of English
translations a and b.

Note that PARAGRAM-SP computes similarity
over embeddings and does not explicitly penalize
length. There is an implicit effect only insofar as a
reference that omits or heavily alters content will
differ in embedding space and score lower, but
length alone is not the driver.

We compute SEMSIM for each source text and
use these scores to filter and create new datasets.
Notice that SEMSIM is computed only with a
source text’s English translations without relying
on the source text itself.

We assume source-target alignment is verified
during preprocessing, e.g., Par3 verified source-
target alignment. The alignment method used in
preprocessing is itself an active research area, but
we believe the proposed SEMSIM score helps fur-
ther filter out misaligned examples regardless of
which alignment method is used beforehand. Our
filtering therefore targets stylistic and semantic di-
vergence among references that are already aligned
to the source: a translation can be faithful yet very
different in style.

Figure 2: The pipeline of creating the medium+high se-
mantic similarity dataset from the unfiltered dataset.
SEMSIM measures the semantic similarity among a
source text’s target translations.

5 Human Evaluation

To better understand and characterize the outputs
from the different systems, we conducted a human
evaluation using pairwise A/B comparisons. We re-

cruited 48 translators from North America, Europe,
and Africa, through Upwork1 and ProZ2.

The translators are native speakers of either
French or English and fluent in the other language,
and most have prior experience translating literary
texts. All evaluations were completed using La-
bel Studio3. The translators were paid at the rate
of 40 USD for approximately one hour of active
annotation time, which is consistent with similar
translation rates on Upwork and ProZ.

In each evaluation task, translators were pre-
sented with 30 questions. Each question contained
a source text in French and two English translations.
They were then asked to choose which translation
they preferred (A or B). If they considered the two
translations to be equally good or bad, they could
select “tied”. Then the translators were asked to
provide a brief justification for their choice.

Detailed annotation instructions, along with an
example evaluation question, are provided in Ap-
pendix H. We discuss human evaluation results
comparing different models in the following sec-
tions, alongside automatic evaluation results.

6 Hypothesis 1: Different ranges of
semantic similarity will lead to different
performance.

We compute the SEMSIM score for the reference
translations for each source text, and divide the
source texts into three groups based on their SEM-
SIM scores: [-1, 0.45) is Low, [0.45,0.85) is
Medium, and [0.85, 1] is High. We summarize the
linguistic characteristics of each range in Table 11.

Each SEMSIM range is then used to fine-tune
three different models described in Section 3.2 for
literary machine translation. For a fair compari-
son, we keep the total number of training instances
(#INSTN) the same, and total number of source
texts (#SRC) as close as possible, and this isolates
SEMSIM as the only changing variable. We run
each model with three different seeds. Table 1
reports the mean and standard deviation for each
automatic metric described in Appendix B.2.

Across models, metrics, and language pairs, fine-
tuning on high SEMSIM data on average gives the
best performance, followed by medium then low
SEMSIM data. However, the performance gap be-

1https://www.upwork.com/
2ProZ is a platform for hiring freelance translators. https:

//www.proz.com/
3https://labelstud.io

https://www.upwork.com/
https://www.proz.com/
https://www.proz.com/
https://labelstud.io
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French–English (FR–EN)

#src #instn BLEU (mean/std) COMET (mean/std) chrF++ (mean/std)
SemSim

Level mT5 Gemma OpusMT mT5 Gemma OpusMT mT5 Gemma OpusMT

low 5016 11 279 19.5
(3.69)

19.6
(3.47)

24
(0.5)

0.63
(0.03)

0.64
(0.02)

0.65
(0)

0.36
(0.05)

0.37
(0.02)

0.42
(0)

medium 4977 11 279 34.7
(0.35)

25.3
(1.7)

30.6
(0.12)

0.71
(0)

0.7
(0.01)

0.68
(0)

0.50
(0.01)

0.44
(0.01)

0.47
(0.01)

high 4779 11 279 35.0
(1.07)

30.6
(1.10)

30.4
(0.26)

0.72
(0.01)

0.73
(0)

0.68
(0.01)

0.52
(0.01)

0.50
(0.01)

0.49
(0)

Russian–English (RU–EN)

#src #instn BLEU (mean/std) COMET (mean/std) chrF++ (mean/std)
SemSim

Level mT5 Gemma OpusMT mT5 Gemma OpusMT mT5 Gemma OpusMT

low 1618 4114 5.25
(0.21)

12.0
(0.38)

12.8
(1)

0.54
(0)

0.58
(0.01)

0.57
(0.01)

0.25
(0.01)

0.30
(0.01)

0.33
(0)

medium 1529 4114 19.2
(1.39)

18.3
(0.64)

18.6
(0.46)

0.64
(0.01)

0.65
(0.01)

0.60
(0.01)

0.38
(0)

0.39
(0.01)

0.37
(0.01)

high 1874 4114 24.3
(0.36)

25.9
(1.56)

19.7
(0.49)

0.65
(0)

0.68
(0)

0.61
(0.01)

0.4
(0)

0.45
(0.01)

0.38
(0)

Table 1: Automatic metric results for mT5, Gemma, and OpusMT after fine-tuning on datasets with different
semantic similarity (SEMSIM) levels: low, medium, and high. The top table uses the French-English language pair,
and the bottom table uses Russian-English. To fairly evaluate the effect of SEMSIM on literary MT performance,
the datasets contain the same number of training instances (#INSTN), and similar number of source sentences
(#SRC). We report the mean and standard deviation across three different seeds. Medium and high SEMSIM produce
comparable performance and both substantially outperform low SEMSIM.

Setting Preferred A Preferred B Tied

high vs. low 75.8 10.8 13.3
high vs. med 48.7 20.2 31.1
med vs. low 64.2 12.5 23.3

Table 2: Human annotators’ vote percentages from A/B
testing of outputs produced by mT5-large fine-tuned on
datasets with different SEMSIM levels: high, medium,
and low. Annotators strongly prefer high and medium
SEMSIM outputs over low SEMSIM outputs.

tween medium and high SEMSIM is much smaller
than the gap between low and medium SEMSIM.

From low to medium, mT5 shows the most gains,
with BLEU increasing by 15.2 (+77.9%), COMET
by 0.08 (+12.7%), and chrF++ by 0.14 (+38.9%).
Gemma and OpusMT also improve from low to
medium, though with smaller relative gains.

In contrast, the performance difference between
medium and high is much smaller for mT5 and
OpusMT: BLEU changes by less than 1 (±1%),
COMET by at most 0.01 (≤ 1.4%), and chrF++
by 0.02 (≤ 4.3%). On the other hand, fine-tuning
using Gemma, the performance difference between
medium and high is only slightly less than low
to medium: BLEU +5.3 (20.9%), COMET +0.03

Figure 3: Frequency (%) of translation quality attributes
mentioned in annotator comments. Each cell represents
the percentage of comments where annotators explicitly
noted a positive or negative quality attribute for a given
system. High and medium SEMSIM data produce trans-
lations that are more fluent, accurate, idiomatic, and
have better style and fewer errors than low SEMSIM.

(4.3%), and chrF++ increases by 0.06 (13.6%).
These results suggest that medium and high

SEMSIM data are substantially better for fine-
tuning literary MT than low SEMSIM data.

To assess whether these automatic metric trends
align with human judgments, we hired 12 profes-
sional translators to conduct a pairwise comparison
among mT5 outputs generated by fine-tuning on
low, medium, and high SEMSIM data.

Source texts were randomly selected. We created
four survey variants, with each variant assigned to



830

three translators, so that each question was rated
by three translators. No source text was repeated
within a survey, across survey variants, or in any
other experiment in this paper.

Table 2 summarizes translators’ votes as percent-
ages in the pairwise comparison study. Translators
strongly preferred high and medium SEMSIM out-
puts over low SEMSIM outputs, with preference
rates of 75.8% vs. 10.8%, and 64.2% vs. 12.5%, re-
spectively. By contrast, the preference difference is
smaller between high and medium SEMSIM, with
translators preferring high over medium by 48.7%
vs. 20.2%, and many more votes on “tied” (31.1%).

To understand the linguistic characteristics of the
outputs, we classify translators’ comments on these
pairwise comparisons using Claude Opus 4.6 API
and visualize them in Figure 3. For each comment,
we identify any positive and negative qualities of
the translation mentioned, and we report how fre-
quently the outputs from a system were mentioned
with this quality. We provide the prompt for classi-
fying their votes using Claude in Appendix F.

Translators described high and medium SEMSIM

outputs as comparably fluent, natural, idiomatic,
with high SEMSIM as slightly better than medium
SEMSIM in accuracy/faithfulness and style/tone,
while low SEMSIM outputs were rarely associated
with positive qualities.

Conversely, translators found low SEMSIM out-
puts to contain substantially more mistranslation,
omission and/or addition, and to be more awkward
and unnatural. Many negative qualities were men-
tioned nearly twice as often for low SEMSIM than
medium and high SEMSIM. Other negative quali-
ties, such as overly literal and grammatical errors,
occurred much less often and at similar rates as
medium and high SEMSIM.

Overall, the human evaluation suggests that the
automatic metric trends are consistent with human
judgments. In particular, using medium and high
SEMSIM data instead of low SEMSIM data im-
proves perceived accuracy, style, word choice, and
fluency, and substantially reduces mistranslation.

7 Hypothesis 2: A filtered dataset will
lead to better performance than an
unfiltered dataset.

Hypothesis 1 shows that both medium and high
SEMSIM data produce substantially better auto-
matic metric and human evaluation results than
low SEMSIM data, and the performance between

medium and high SEMSIM is comparable. We
therefore investigate whether medium and high
SEMSIM examples should be combined in practical
fine-tuning scenarios. Prior work has also found
that, when data quality is comparable, increasing
the amount of training data can generally improve
model performance (Madnani et al., 2007, 2008).

Similar to Hypothesis 1, we fine-tune each
model with three different random seeds and re-
port the mean and standard deviation in Table 3.
We compare medium+high data against the unfil-
tered dataset under two settings: using all avail-
able examples, and using controlled subsets with
the same number of sources and instances. Al-
though unfiltered (all) contains 14% more training
instances than medium+high (all), medium+high
(all) performs better across most models and met-
rics. In particular, mT5 improves from 42.8 to
44.3 BLEU, 0.74 to 0.75 COMET, and 0.55 to
0.56 chrF++; OpusMT improves from 33.6 to 35.2
BLEU while maintaining comparable COMET and
chrF++. Gemma is the exception, where the two
settings perform similarly.

We observe a similar pattern in the controlled
comparison, where medium+low, medium+high,
and unfiltered all have the same #SRC and #IN-
STN. To create medium+low and medium+high
datasets, we keep #SRC and #INSTN fixed by us-
ing the full medium SEMSIM subset and sam-
pling the same amounts of low and high SEMSIM

data. Unfiltered is randomly sampled to match
#SRC and #INSTN as well. Under this setting,
medium+high performs best overall. Compared
with medium+low, medium+high improves BLEU
by 3.3 for mT5 and 2.3 for OpusMT, and 0.7 for
Gemma, while also giving small improvements
in chrF++. Compared with the size-matched un-
filtered dataset, medium+high also gives higher
BLEU for all three models, while COMET and
chrF++ remain comparable or slightly better. These
results suggest that adding low SEMSIM data does
not provide the same benefit as adding high SEM-
SIM data, even when the total amount of training
data is held constant.

Translators also judged the two systems to
be very close, preferring unfiltered in 37.8%,
medium+high in 36.1%, with 26.1% marked as
ties. Notably, the tie rate is large relative to the
preference rates for either system, suggesting that
translators often found the two outputs comparable.

The analysis on positive and negative qual-
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French–English (FR–EN)

#src #instn BLEU (mean/std) COMET (mean/std) chrF++ (mean/std)

SemSim Level mT5 Gemma OpusMT mT5 Gemma OpusMT mT5 Gemma OpusMT

medium+low 30 580 69 575 40.6
(1.29)

27.2
(1.15)

32.7
(0.21)

0.74
(0.01)

0.71
(0.01)

0.7
(0)

0.53
(0.01)

0.46
(0.01)

0.5
(0)

medium+high 30 595 69 575 43.9
(0.50)

27.4
(1.0)

35.0
(0.21)

0.74
(0)

0.71
(0.01)

0.71
(0.01)

0.55
(0)

0.46
(0.02)

0.51
(0)

unfiltered 30 580 69 575 42.7
(0.40)

27.4
(1.15)

34.0
(0.67)

0.74
(0)

0.71
(0)

0.70
(0.01)

0.55
(0)

0.46
(0.01)

0.51
(0)

unfiltered (all) 39 880 91 647 42.8
(1.53)

27.2
(1.44)

33.6
(0.25)

0.74
(0.01)

0.71
(0.01)

0.71
(0)

0.55
(0.01)

0.46
(0.01)

0.51
(0)

medium+high (all) 34 864 80 368 44.3
(0.60)

26.8
(0.26)

35.2
(0.31)

0.75
(0)

0.71
(0)

0.71
(0.01)

0.56
(0.01)

0.46
(0)

0.51
(0.01)

Russian–English (RU–EN)

#src #instn BLEU (mean/std) COMET (mean/std) chrF++ (mean/std)
SemSim

Level mT5 Gemma OpusMT mT5 Gemma OpusMT mT5 Gemma OpusMT

medium+low 17 530 47 641 29.7
(1.63)

22.8
(0.74)

24.9
(0.53)

0.67
(0.01)

0.66
(0)

0.63
(0)

0.45
(0.01)

0.41
(0)

0.42
(0)

medium+high 17 969 47 641 31.6
(0.64)

23.6
(1.46)

25.9
(0.06)

0.67
(0.01)

0.67
(0.01)

0.64
(0.01)

0.45
(0.01)

0.43
(0.01)

0.43
(0.01)

unfiltered 18 744 47 641 33.1
(0.37)

24.9
(0.76)

26.3
(0.36)

0.68
(0)

0.67
(0)

0.64
(0)

0.46
(0.01)

0.44
(0.01)

0.43
(0.01)

unfiltered (all) 26 502 67 106 33.6
(0.49)

24.5
(0.8)

27.8
(0.32)

0.68
(0)

0.66
(0.01)

0.64
(0.01)

0.46
(0.01)

0.42
(0.01)

0.44
(0)

medium+high (all) 24 884 62 992 33.1
(0.96)

24.6
(0.96)

28
(0.1)

0.68
(0.01)

0.67
(0)

0.65
(0.01)

0.46
(0.01)

0.43
(0.01)

0.44
(0)

Table 3: The top section compares models fine-tuned on medium+low, medium+high, and unfiltered datasets, where
all three datasets contain the same number of training instances and a similar number of source texts. The bottom
section compares fine-tuning on the full unfiltered dataset with fine-tuning on the full medium+high SEMSIM subset.
We report the mean and standard deviation across three different seeds. In both settings, medium+high SEMSIM
gives comparable or better performance than unfiltered data.

Setting % BLEU COMET chrF++

FT w/ unfiltered 37.8 45.3 0.78 0.61
FT w/ med+high all 36.1 45.7 0.78 0.61
Tied 26.1 - - -

Table 4: Human annotators’ vote percentages from A/B
testing of outputs produced by mT5 fine-tuned on the
full unfiltered and the full medium+high French-English
datasets.

ities also shows a similarly mixed pattern:
medium+high has a slight advantage in fluency,
word choice/idiomatic, and style/tone, while unfil-
tered is described slightly more often as accurate.
Interestingly, the positive and negative comments
are almost contradictory: medium+high is more
fluent/natural but also more awkward/unnatural, un-
filtered is more accurate/faithful but also has more
omission/addition.

Many translators also commented on the limi-
tations of the setup. Translators noted that some
translations are hard to decide which is better with-
out even longer context such as the preceding or

Figure 4: Frequency (%) of translation quality attributes
mentioned in annotator comments. Annotators overall
found the output from fine-tuning on the full unfiltered
data and the full medium+high data to be comparable.

following sentence around a paragraph. This was
especially true for abrupt paragraphs such as quo-
tations, which are common in literary text. In such
cases, some translators preferred a more literal
translation to be safe, while others favored a more
natural and idiomatic interpretation of the original
text. A natural transition at the start of a paragraph
can, in isolation, look like a mistranslation without
more context, especially if a translator took cre-
ative liberties with the translation (artistic license).
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French–English (FR–EN)

#src #instn BLEU (mean/std) COMET (mean/std) chrF++ (mean/std)

Train Data mT5 Gemma OpusMT mT5 Gemma OpusMT mT5 Gemma OpusMT

human (single ref) 34 864 34 864 41.4
(0.46)

28.8
(0.26)

33.5
(0.62)

0.74
(0)

0.72
(0)

0.70
(0.01)

0.54
(0)

0.47
(0.01)

0.50
(0.01)

human (multi ref) 34 864 80 368 44.3
(0.60)

26.8
(0.26)

35.2
(0.31)

0.75
(0)

0.71
(0)

0.71
(0.01)

0.56
(0.01)

0.46
(0)

0.51
(0.01)

synthetic (Gemma3) 34 864 80 368 42.0
(0.1)

24.3
(0.32)

35.1
(0.31)

0.74
(0)

0.7
(0)

0.7
(0)

0.55
(0)

0.43
(0.01)

0.51
(0)

synthetic (Mistral) 34 864 80 368 40.5
(0.4)

22.9
(0.89)

33.2
(0.78)

0.74
(0)

0.7
(0)

0.71
(0)

0.54
(0.01)

0.43
(0.01)

0.51
(0)

synthetic (Qwen3) 34 864 80 368 40.2
(2.35)

26.0
(0.92)

34.3
(0.35)

0.72
(0.01)

0.71
(0.01)

0.7
(0)

0.50
(0.01)

0.44
(0.01)

0.51
(0)

Russian–English (RU–EN)

#src #instn BLEU (mean/std) COMET (mean/std) chrF++ (mean/std)
Train
Data mT5 Gemma OpusMT mT5 Gemma OpusMT mT5 Gemma OpusMT

human (single ref) 24 884 24 884 31.9
(0.66)

23.6
(1.06)

25.6
(0.98)

0.68
(0.01)

0.67
(0.01)

0.64
(0)

0.45
(0.01)

0.34
(0.01)

0.43
(0)

human (multi-ref) 24 884 62 992 33.1
(0.96)

24.6
(0.96)

28
(0.1)

0.68
(0.01)

0.67
(0)

0.65
(0.01)

0.46
(0.01)

0.43
(0.01)

0.44
(0)

synthetic (Gemma3) 24 884 62 992 18.9
(1.53)

11.9
(0.69)

25.2
(0.12)

0.63
(0)

0.61
(0.01)

0.63
(0.01)

0.39
(0.01)

0.32
(0.01)

0.41
(0.01)

synthetic (Mistral) 24 884 62 992 23.2
(1.08)

13
(1.24)

25.1
(0.25)

0.65
(0.01)

0.62
(0)

0.63
(0.01)

0.40
(0.01)

0.34
(0.01)

0.42
(0.01)

synthetic (Qwen3) 24 884 62 992 20.7
(1.63)

14.1
(1.13)

25.3
(0.1)

0.64
(0.01)

0.63
(0)

0.63
(0)

0.39
(0)

0.34
(0.01)

0.41
(0.01)

Table 5: Performance comparison between human-only and synthetic-augmented training data. “Human multi ref”
denotes training on the full medium and high SEMSIM data with multiple human references, whereas “Human single
ref” uses the same source texts with one randomly selected human reference per source. “Synthetic (Gemma3)”
denotes training data created by using instruction-tuned Gemma3 to create additional target texts. We report the
mean and standard deviation across three different seeds. Synthetic-augmented training data underperform human
multi-reference data, but synthetic references generated by a strong instruction-tuned model such as Gemma3 can
improve MT performance over a single-reference dataset when fine-tuning using mT5 and OpusMT.

Translators also noted that character names were
sometimes translated by both systems. While some
translators considered this a serious flaw, others
overlooked it.

Overall, the automatic metrics and human eval-
uation suggest that medium+high data is at least
competitive with the unfiltered dataset, despite the
unfiltered dataset containing 14% more training ex-
amples. The controlled comparison further shows
that replacing high SEMSIM examples with low
SEMSIM examples hurts performance, supporting
the decision to exclude low SEMSIM data.

8 Hypothesis 3: A synthetic-augmented
multi-reference dataset will perform
comparably to an expert-translated
dataset.

We investigate whether augmenting a single-
reference dataset with synthetic references can
achieve performance comparable to that of expert-
translated multi-reference datasets.

Specifically, for each source text in

medium+high, we randomly select one hu-
man translation and generate paraphrases of this
translation using open-weight instruction-tuned
LLMs. For all the multi-reference datasets,
we keep the number of target texts per source
text the same. We provide model details and
the prompts we used for zero-shot paraphrase
generation in Appendix C. We compare using
these synthetic-augmented data against our overall
best-performing model, which is fine-tuned on the
full medium and high SEMSIM data.

We find that synthetic-augmented datasets pro-
vide minimal improvements over the single-
reference dataset, or in some cases, even degrade
the performance depending on the model used to
generate the synthetic references (Table 5). The
best model for generating synthetic references,
Gemma3, increases BLEU by 0.6 when fine-tuning
with mT5, and 1.6 with OpusMT, and improves
COMET by 0.01 for both mT5 and OpusMT. How-
ever, none of the synthetic datasets improve perfor-
mance when fine-tuned using Gemma.
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Setting % BLEU COMET chrF++

FT w/ human 50.4 45.1 0.79 0.60
FT w/ human + synthetic 32.1 41.0 0.75 0.56
Tied 17.5 - - -

Table 6: Human annotators’ vote percentages from A/B
testing of outputs produced by mT5 fine-tuned on the
full medium and high SEMSIM data and the syntheti-
cally augmented data. Synthetic data is generated using
instruction-tuned Gemma3. Annotators preferred out-
puts of the MT system fine-tuned on the human data
instead of synthetically augmented data by 18%.

Figure 5: Frequency (%) of translation quality attributes
mentioned in annotator comments. Translation outputs
from model trained on human data (the full medium and
high SEMSIM data) were found to be more accurate, id-
iomatic, and have less mistranslation than model trained
on synthetically augmented data.

Moreover, none of the synthetic datasets out-
perform the medium+high multi-reference dataset
under any model or metric. We further conduct a
human evaluation comparing medium+high with
the best synthetic-augmented dataset using mT5.

In Figure 8 in the appendix, we also compare the
distribution of the pairwise PARAGRAM-SP scores
between the ground-truth human translation and
each generated synthetic translation. Compared
to the PARAGRAM-SP scores between two human
translations, the score between a human and a syn-
thetic translation is on average lower across all
models. The middle 50% of the distribution shifts
down, as does the median. This means the SEMSIM

of synthetically augmented data is lower overall.
Translators preferred translations from model

fine-tuned on human data over synthetic-
augmented data, with preference votes of 50.4%
vs. 32.1%, and 17.5% tied.

Qualitative analysis on translators’ comments
further shows that expert-translated data leads to
more accurate, idiomatic, and fluent translations.

Lastly, the human evaluation also includes com-
parisons between ground-truth expert translations
and outputs from our best fine-tuned model.

Unsurprisingly, translators preferred human

Setting Percentage

human GT 55.4
FT w/ med+high all 31.3
Tied 13.3

Table 7: Human annotators’ vote percentages from A/B
testing of outputs produced by mT5 fine-tuned on the
full medium and high SEMSIM data (denoted as “FT w/
med+high all”) and ground-truth human expert transla-
tions (denoted as “human GT”).

Figure 6: Ground-truth human expert translation were
more fluent, idiomatic, and have better style, though
more prone to omission and addition than our best MT
system output.

translations over machine translated text (55.4%
vs. 31.3%). Human translations were judged to be
substantially more fluent/natural (27.1% vs. 8.8%),
more idiomatic (27.1% vs. 9.6%), and have much
less mistranslation (12.1% vs. 34.6%).

Interestingly, translators found human transla-
tions more often involved omissions and additions
(18.8% vs 5.8%), echoing the concerns raised in
Hypothesis 2, where translators noted that some
comparisons are difficult to judge without addi-
tional context. For example, if the name “Christine”
appears in a previous paragraph, a human translator
may use “she” in the following paragraph to refer
to Christine, even if the original French text repeats
“Christine” in that paragraph. In contrast, machine
translated text is more likely to retain “Christine”
in order to match the French source text.

9 Conclusion

Most MT fine-tuning work treats references as in-
terchangeable ground truth, using a single refer-
ence per source or weighting all references equally,
without considering whether the references agree
with one another. In contrast, we use the semantic
similarity among multiple references as a filter-
ing signal—an idea motivated by the comparative-
literature practice of reading multiple translations.
To our knowledge, this is the first work to do so for
literary MT.
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We propose a framework for filtering a multi-
reference dataset for literary MT, a setting where
multiple translations of a source text often exist.
Results from automatic metrics on both FR-EN and
RU-EN show that high and medium semantic simi-
larity data is better for fine-tuning MT systems than
low semantic similarity data. Human evaluation
confirms this: translators overwhelmingly prefer
systems fine-tuned on high SEMSIM over low, and
medium over low. When commenting on the out-
puts, translators rarely associate any positive quali-
ties with low SEMSIM, while their assessments of
high and medium are more comparable, with high
SEMSIM holding a slight edge. Importantly, ref-
erences with low semantic similarity among them
are not merely misaligned or erroneous; they are
also cases where translators diverge substantially
in their interpretations.

We also find that while using more data gener-
ally improves performance, unfiltered data does not
always help. Medium+high data can give compa-
rable and at times better performance, all with less
data. Human translators also found outputs from
medium+high data more idiomatic and better in
style, though overall performance is comparable to
using unfiltered data. Translators also noted limita-
tions of the setup that made comparison difficult:
paragraphs were presented without preceding or
following context, and translators differed in their
own preferences, favoring more literal versus more
natural, idiomatic interpretations.

We are not aware of any prior work that com-
pares fine-tuning using human versus synthetic-
augmented data for literary MT, particularly with
human evaluation that examines the language of
the output translations themselves. Comparing syn-
thetic against human translations, we find that syn-
thetic data, unlike human data, does not reliably
improve MT. Performance depends heavily on the
LLM used to paraphrase the ground-truth transla-
tion. For French-English, of the three LLMs we
tested, only Gemma3 improved MT performance
compared to using a single reference, and the im-
provement was small. For Russian-English, perfor-
mance worsened, suggesting that paraphrase errors
and deviation from the original translation act as
noise. In other words, augmenting a dataset by
zero-shot LLM paraphrasing of references can hurt
MT performance. Interestingly, the best paraphras-
ing LLM also had, on average, a lower SEMSIM,
while remaining mostly in the medium SEMSIM

range (Figure 8).
This preference for human data is echoed in hu-

man evaluation: comparing outputs from models
fine-tuned on human versus synthetic augmented
data, translators preferred those trained on human
data much more, finding them more accurate, better
in word choice, and far less prone to mistranslation.

As a sanity check, we also compared the ground-
truth translations with our best fine-tuned model
(mT5 fine-tuned on all medium+high SEMSIM

data), and translators preferred the ground truth
at a rate similar to the earlier comparisons. While
the ground-truth translations were most frequently
credited with positive qualities, they were also, sur-
prisingly, mentioned far more often for omission
and addition. Considering how paragraphs flow,
this makes sense: good flow often means being
less literal, with translators moving content into the
preceding or following paragraph.

Finally, we tested zero-shot translation (Ap-
pendix D). Compared to our best fine-tuned model
(mT5 fine-tuned on all medium+high SEMSIM

data), our model outperformed all open-weight
models we tested. Among commercial models, two
of three outperformed ours, one only marginally
(44.8 vs. 44.3 in BLEU).

Meaningful human evaluation requires a suf-
ficient amount of data, which limits us to high-
resource language pairs, since low-quality output
will also result in noisy human evaluation when
errors are frequent and of many kinds. We hope
our findings provide guidance for literary transla-
tion on both high- and low-resource language pairs:
prioritize human translations, and if using syn-
thetic LLM-based paraphrasing—even into a high-
resource target language like English—choose the
LLM carefully and inspect the paraphrased output,
or performance may suffer.

Future work can compare LLM zero-shot para-
phrasing with more controlled generation methods,
such as pivot-based or neural approaches, espe-
cially for low-resource languages.

Limitations

The following limitations of our paper are also
directions for future work.

1. We create additional synthetic references only
using LLMs in this paper. Future work can
explore different methods for generating syn-
thetic references and compare their perfor-
mance. More controlled generation could po-
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tentially prevent the overall semantic similar-
ity shift demonstrated in Figure 8.

2. While we would have liked to work on low-
resource languages in this paper, the premise
of the paper relies on multi-reference data,
which generally exists only for high-resource
language pairs. Additionally, conducting hu-
man evaluation on low-quality translations in
low-resource setting would be challenging. If
the outputs are not adequate, it is difficult to
obtain meaningful feedback from translators.
However, we believe our findings can benefit
future work on low-resource settings. Specifi-
cally, it is worth investigating whether filtering
by semantic similarity between synthetic ref-
erences can help improve low-resource MT.

3. Due to our computational constraints, we
could not experiment with LLMs with even
larger numbers of parameters. For example,
we could only fine-tune Gemma3 with 12 bil-
lion parameters using QLoRA, and its perfor-
mance was, for the most part, worse than that
of mT5-Large.

4. We would also like to extend the context win-
dow by training on longer data. As discussed
in Hypothesis 2, translators mentioned that
without the preceding and following para-
graphs, it is sometimes difficult to judge which
translation is better or whether there is a mis-
translation. However, due to computational
constraints and the nature of the data in Par3,
we are limited to paragraph-level data, which
is still better than sentence-level data. Ide-
ally, book-chapter level translation would be
a great next step.
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A Pre-Processing

We filter out source paragraphs and translations
longer than 250 words to remove extreme outliers
and ensure reliable processing by sentence-based
MT models like OpusMT. The 250-word cutoff is
also informed by the distribution of word length
in the dataset: in Figure 7, we show the distribu-
tions of both source and target paragraphs length
measured by word count in the French train and
validation datasets. After filtering, we only keep
instances where each source paragraph has two or
more human translations.

Then, for each language, we construct train, val-
idation, and test splits at the book level, preventing
any paragraph overlap across splits. We target an
80/10/10 paragraph ratio. Exact statistics for train-
ing instances for all splits and datasets are reported
in Table 8 and 9.

The train and validation datasets are the starting
points for more targeted experiments from Sec-
tions 6 to 8, where we will further filter by the
semantic similarity among the human translations.
The test dataset created is used to test all experi-
ments for a specific language pair. The French test
set contains 5,030 source texts, and Russian has
3,292. Each source text in the test set has multiple
human expert translations as targets.

Train Validation

Setting src instance src instance

low 5,016 11,279 470 940
med 4,977 11,279 470 940
high 4,779 11,279 470 940

med+low 30,580 69,575 4,208 8,416
med+high 30,595 69,575 4,208 8,416
unfiltered 30,580 69,575 4,208 8,416

unfiltered 39,880 91,647 4,987 9,974
medium+high all 34,864 80,368 4,517 9,034

human (single ref) 34,864 34,864 4,517 4,517
synthetic (Gemma3) 34,864 80,368 4,517 9,034
synthetic (Mistral) 34,864 80,368 4,517 9,034
synthetic (Qwen3) 34,864 80,368 4,517 9,034

Table 8: French train and validation source and instance
counts.

B MT Models and Automatic Metrics

B.1 Models

mT5-large A multilingual encoder–decoder
Transformer model with approximately 1.2B pa-
rameters. It is pre-trained on the mC4 corpus,
which covers 101 languages, including French and

Train Validation

Setting src instance src instance

low 1,618 4,114 384 1,087
med 1,529 4,114 506 1,087
high 1,874 4,114 520 1,087

med+low 17,530 47,641 2,322 5,491
med+high 17,969 47,641 2,534 2,534
unfiltered 18,744 47,641 2,344 5,491

unfiltered 26,502 67,106 3,296 7,675
medium+high all 24,884 62,992 2,534 5,491

human (single ref) 24,884 24,884 2,534 2,534
synthetic (Gemma3) 24,884 62,992 2,534 5,491
synthetic (Mistral) 24,884 62,992 2,534 5,491
synthetic (Qwen3) 24,884 62,992 2,534 5,491

Table 9: Russian train and validation source and instance
counts.

Russian (Xue et al., 2021).4 Although mT5-large
is not specifically pre-trained for translation, it can
be fine-tuned for MT and other downstream tasks.
We fine-tuned this model using the Hugging Face
Trainer class. Each experiment takes less than 24
hours on a single NVIDIA H200 GPU. The learn-
ing rate = 1e − 3, batch size = 4, and gradient
accumulation = 4.

Gemma-3-12B-PT An open-weight, non-
instruction-tuned language model with 12 billion
parameters.5 Given its scale and our computational
constraints, we adapt the model using LoRA
with 4-bit quantization (Hu et al., 2022; Dettmers
et al., 2023). Gemma3 is trained on multilingual
web text covering 140 languages, although the
language distribution is not publicly specified
(Team et al., 2025). We use LoRA rank r = 32
and scaling parameter α = 32. Each experiment
takes from 48 to 120 hours on a single NVIDIA
H200 GPU, depending on the size of the dataset.
The learning rate= 1e − 4, batch size = 4, and
gradient accumulation = 8.

OpusMT An open-source multilingual machine
translation model from the OPUS-MT project
(Tiedemann et al., 2023; Tiedemann and Thottin-
gal, 2020).6 The model supports multiple source
languages with English as the target language and
is trained on the OPUS corpus using the Marian
framework (Junczys-Dowmunt et al., 2018). Each
experiment takes less than 12 hours on a single
NVIDIA Tesla V100 SXM2 GPU. The learning

4This model is available on Hugging Face at https://
huggingface.co/google/mt5-large

5https://huggingface.co/google/gemma-3-12b-pt
6https://huggingface.co/Helsinki-NLP/

opus-mt-mul-en

https://huggingface.co/google/mt5-large
https://huggingface.co/google/mt5-large
https://huggingface.co/google/gemma-3-12b-pt
https://huggingface.co/Helsinki-NLP/opus-mt-mul-en
https://huggingface.co/Helsinki-NLP/opus-mt-mul-en
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Figure 7: Distribution of paragraph word lengths in the French TRAIN (left) and VAL (right) datasets. Each instance
represents a source paragraph or translation instance, showing the frequency of paragraphs by word count.

rate = 5e − 5, batch size = 8, and gradient accu-
mulation = 4.

B.2 Automatic Evaluation Metrics
BLEU An MT evaluation metric based on mod-
ified n-gram precision with a brevity penalty (Pa-
pineni et al., 2002). We compute BLEU using
multiple human references for each source input in
the test set.

COMETDA
22 An MT evaluation metric that is

based on sentence embeddings (Rei et al., 2020).
We use wmt22-comet-da by Unbabel (Rei et al.,
2022).7 It was trained on a transformer-based multi-
lingual masked language model, XLM-R (Conneau
et al., 2020). Since COMETDA

22 only accepts one
reference per source text for evaluation, for each
source text, we take the average of their COMETDA

22

scores for each reference.

chrF++ An MT evaluation metric based on char-
acter and word-level n-gram precision and recall
(Popović, 2017).

7https://huggingface.co/Unbabel/
wmt22-comet-da

C Models and Prompts Used for
Generating Synthetic Data

We first randomly select one human translation
from each source text in the full medium+high
dataset. Then, each one of these human translations
is used to generate paraphrase with the following
models. The following models were all able to
zero-shot generate paraphrases for at least 99% of
the data.

We use 1,000 as the limit for max new token, and
retry with 1,200 if the output is cut off. For the few
instances where we could not successfully parse
the model output because the model did not follow
the instructions, we salvaged as many generated
paraphrases as possible, then replaced any missing
paraphrases with human translations.

gemma-3-27b-it8: gemma-3-27b-it is Google’s
27-billion-parameter instruction-tuned Gemma3
model (different from the 12b-pt variant we use for
fine-tuning). It is designed for instruction follow-
ing, and it can handle long-context window. To gen-
erate text more efficiently, we perform zero-shot
text generation using vLLM (Kwon et al., 2023)
with a batch size of 16. For the French TRAIN
split, generation completed on a single H200 GPU
in under 17 hours. We obtained outputs for all
34,864 instances. Only 2 instances produced a sin-
gle paraphrase rather than the requested two. For
the validation split, we successfully processed all
4,517 instances, with no single-paraphrase outputs
and no discarded instances.

System prompt: You are a helpful assistant.

User prompt: Generate two paraphrases of the
paragraph below. Each paraphrase should pre-
serve the same meaning as the original, but ex-
press it in a different way. The two paraphrases

8Available to download on Hugging Face at https://
huggingface.co/google/gemma-3-27b-it

https://huggingface.co/Unbabel/wmt22-comet-da
https://huggingface.co/Unbabel/wmt22-comet-da
https://huggingface.co/google/gemma-3-27b-it
https://huggingface.co/google/gemma-3-27b-it
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should not be identical or trivial rewrites. Set
reference to exactly the paragraph provided. Re-
turn ONLY valid JSON in the following format:

{
"reference": "...",
"paraphrase_1": "...",
"paraphrase_2": "..."

}

[INPUT]

Qwen3-30B-A3B-Instruct-25079: An
instruction-tuned mixture-of-experts language
model from the Qwen3 family, with 30.5 billion
total parameters and 3.3 billion activated parame-
ters. It has strong instruction following and general
reasoning capabilities. Like Gemma3, we ran
inference using vLLM with a batch size of 8. The
TRAIN split finished under 5 hours. Of the 34,864
source paragraphs in the TRAIN split, only 54
outputs contained a single paraphrase rather than
the requested two paraphrases. For the validation
split, all outputs were successfully salvaged; only
1 instance contained a single paraphrase.

User prompt: Generate two paraphrases of the
paragraph below. Each paraphrase should convey
the same meaning as the original, but be expressed
in a different way. The two paraphrases should
not be identical or trivial rewrites. Set reference
to be exactly the paragraph provided, without any
changes. Return only valid JSON in the following
format:

{
"reference": "...",
"paraphrase_1": "...",
"paraphrase_2": "..."

}

[INPUT]

Mistral-Small-3.2-24B-Instruct-250610: A 24-
billion-parameter instruction-tuned model from
Mistral AI. It is designed for efficient instruction
following as well as long context use. We ran in-
ference using vLLM with a batch size of 8. The
TRAIN split finished in under 24 hours. For the
TRAIN split, 85 outputs could not be salvaged.
1,959 instances had one single paraphrase. For the
validation split, all 4,517 instances were processed:
4,290 produced complete paraphrase pairs, 220 pro-
duced a single recoverable paraphrase, and 7 were
discarded and replaced with human translations.

9Available to download on Hugging Face at https://
huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507

10Available to download on Hugging Face at
https://huggingface.co/mistralai/Mistral-Small-3.
2-24B-Instruct-2506

User prompt: Generate two paraphrases of the
paragraph below. Each paraphrase must preserve
the original meaning but be written differently.
Avoid trivial rewrites.

Return ONLY valid JSON in the following for-
mat:

{
"reference": "...",
"paraphrase_1": "...",
"paraphrase_2": "..."

}

[INPUT]

https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507
https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507
https://huggingface.co/mistralai/Mistral-Small-3.2-24B-Instruct-2506
https://huggingface.co/mistralai/Mistral-Small-3.2-24B-Instruct-2506
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D Zero-shot Translation with
Instruction-tuned Models

While this paper primarily explores fine-tuning MT
models using datasets with different levels of se-
mantic similarity using multi-reference data, it is
also informative to know the zero-shot translation
performance of commercial models (via API) and
open-weight instruction-tuned LLMs. In Table 10
we show their performance measured by automatic
metrics on the French test set.

Results from the automatic metrics show that
while commercial models like GPT 5.4 Pro out-
perform our best model (medium+high (all) with
mT5) by 4.2 in BLEU, 0.01 in COMET, and 0.04 in
chrF++, other state-of-the-art commercial models
like Gemini 3.1 pro and Claude Opus 4.6 are only
marginally better or worse than our best model.

Open-weight models not only all underperform
our best fine-tuned model, some even struggle to
process and translate given the instructions, with
a valid output rate as low as 52.9% using Mistral-
Small-3.2-24B-Instruct-2506 (Table 10).

model cost BLEU COMET chrF++ Valid%

GPT 5.4 pro $15.47 48.5 0.76 0.6 100
Gemini 3.1 Pro $37 44.8 0.76 0.55 99.9
Claude Opus 4.6 $7.95 44.2 0.76 0.6 100

Gemma3-27b-instruct 0 40.6 0.75 0.55 99.5
Qwen3-instruct 0 40.1 0.73 0.54 75.9
Mistral-instruct 0 35.4 0.66 0.50 52.9

our best FT 0 44.3 0.75 0.56 100

Table 10: Zero-shot machine translation performance
on French-English test data. Scores in bold font are
better than our best fine-tuned model—fine-tuning mT5
using the full medium and high SEMSIM data. “Valid%”
counts how many test data were able to be processed
and translated. Cost for Gemini is estimated.

Below, we provide details of these models.

D.1 Commercial Models

GPT 5.4 Pro A commercial model developed by
OpenAI with long context window, multilingual
capability, and instruction following ability. We
used the model with reasoning effort set to high.

Gemini 3.1 pro A commercial model developed
by Google Deepmind. Similar to GPT 5.4 Pro, it
has multilingual generation capability, long context
window, and instruction following ability. We used
the model with reasoning effort set to high.

Claude Opus 4.6 A commercial model devel-
oped by Anthropic. It is capable of multilingual

tasks, has a massive 1 million token context win-
dow, and instruction following ability.

For all commercial models, we use the following
system prompt for zero-shot machine translation.
All APIs were called in batch mode.

System prompt: You are an expert literary transla-
tor from French to English. Translate the follow-
ing French paragraph into natural, fluent English
that preserves the original tone, style, and nuance.
Output ONLY the English translation with no ex-
planation or commentary.

[INPUT]

D.2 Open-Weight Models
For zero-shot translation, we used the same open-
weight models that we used to zero-shot generate
paraphrase in Appendix C. Below, we show the
prompts we used for generation.

gemma-3-27b-it
System prompt: You are a careful literary transla-
tor.

User prompt:
Task: Translate the following French paragraph
into natural, fluent English.
Style: literary; preserve tone, register, and mean-
ing; avoid adding new facts.
Output format: Return ONLY a valid JSON object
with exactly this key:

{
"prediction": "..."

}

Rules: Do NOT include markdown, code fences,
commentary, or extra keys.
Keep the English as a single string, including
punctuation or quotes as needed.

French paragraph:

[INPUT]

Qwen3-30B-A3B-Instruct-2507
User prompt:
Task: Translate the following French paragraph
into natural, fluent English.
Style: literary; preserve tone, register, and
meaning; do not add new facts.

Return ONLY valid JSON with exactly this key:

{
"prediction": "..."

}

Rules:
- No markdown, no code fences, no explanations.
- Do NOT add extra keys.
- Keep the English as a single string.

French paragraph:
[INPUT]
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Mistral-Small-3.2-24B-Instruct-2506

User prompt:
Task: Translate the following French paragraph
into natural, fluent English.
Style: literary; preserve tone, register, and
meaning; do not add new facts.

Return ONLY valid JSON with exactly this key:

{
"prediction": "..."

}

Rules:
- No markdown, no code fences, no extra keys, no
explanations.
- Keep the English as a single string.

French paragraph:
[INPUT]

E PARAGRAM-SP Score Distribution of
the Synthetic Data

In Figure 8, we compare the distribution of the pair-
wise PARAGRAM-SP scores between the ground-
truth human translation and each LLM’s zero-shot
paraphrased translation.

Compared to the PARAGRAM-SP scores be-
tween two human translations, the score between
a human and a synthetic translation is on average
lower across all models.

In the violin plot, the middle 50% of the distri-
bution shifts down for all three models, as does the
median. This means the SEMSIM of synthetically
augmented data is lower overall, since SEMSIM is
the average pairwise score among all references of
the same source. Interestingly, Gemma3 deviates
the most from the human score distribution, yet its
paraphrases gave the best MT performance of the
three models. Note that for all three models, the
majority of the data falls in the medium SEMSIM

range, whereas nearly half of the human data falls
in the high SEMSIM range.

Figure 8: The distributions of the pair-wise seman-
tic similarity score between one generated additional
reference and the human translation. The top row is
from the French-English data, and bottom row is from
the Russian-English data. “Human” pair-wise similar-
ity score distribution is from the multi-reference full
medium+high SEMSIM dataset. Overall, the synthetic
pairwise similarity score distribution shifts lower com-
pared to the human translation distribution.
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F Prompt for Classifying Translators’
comments

We used Claude Opus 4.6 to label annotator com-
ments with fine-grained translation quality cate-
gories. For each comment, the model was given the
original French source text, Translation A, Transla-
tion B, the annotator’s free-text comment, and the
full list of quality labels. We wrote this detailed in-
struction with the assistance of Claude Opus 4.6 in
the chat interface. We tested multiple instructions
by checking 50 outputs to ensure accuracy. Below
is the prompt we use:

You are a strict annotation analyst for literary
translation evaluation (French to English). You
will be given:

• The original French source text
• Translation A and Translation B (the actual

translations)
• A human annotator’s comment comparing

them
• A list of quality labels

For EACH quality label, decide:

• “A” if the comment EXPLICITLY praises
or criticizes Translation A for this quality

• “B” if the comment EXPLICITLY praises
or criticizes Translation B for this quality

• “tie” if the comment EXPLICITLY says
BOTH translations share this quality

• “” (empty) if the comment does NOT clearly
address this quality

STRICT RULES:

• Only tag a quality if the comment clearly
and directly discusses it. Do NOT infer
qualities that are merely implied.

• Most qualities should be “” (empty) for any
given comment. A typical comment only
addresses 1–3 qualities.

• Annotators often quote specific words or
phrases from the translations without say-
ing “A” or “B”. You MUST match quoted
words back to Translation A or Translation
B to determine which system they refer to.

• If the comment says one translation “flows
better” or “is more natural”, that is “fluent /
natural” for that system AND “awkward /
unnatural” for the other ONLY if the com-
ment indicates the other is worse.

• Do NOT automatically assign the opposite
negative quality just because one system got
a positive. Only assign it if the comment
actually criticizes the other.

Quality definitions:

• “fluent / natural”: reads smoothly, sounds
like natural English

• “accurate / faithful”: correctly conveys the
meaning of the French source

• “idiomatic / good word choice”: uses appro-
priate English expressions and well-chosen
words

• “good style / tone”: preserves the literary
register, mood, or voice of the original

• “awkward / unnatural”: reads clumsily,
sounds unnatural or stilted

• “overly literal”: follows French syntax or
phrasing too closely, word-for-word trans-
lation

• “mistranslation / meaning error”: gets the
meaning wrong, misinterprets the source

• “omission / addition”: leaves out content
from the source or adds content not in the
source

• “grammar / mechanical error”: has gram-
matical mistakes, typos, or mechanical is-
sues

EXAMPLES:

Example 1:

Original French: [French source text]

Translation A: [some translation with more natu-
ral English]

Translation B: [some translation with less natural
English]

Comment: “I’ve gone with A purely because the
English is more natural and flows more smoothly
than B. However, there are serious issues in both:
neither gets d’Artagnan’s name right, neither ex-
plains what a conge is (it would have been better
to write ‘permissions to leave’ or something like
that and I’d have preferred ‘pistols’ to ‘pistoles’.”

Correct labels:

{“fluent / natural”: “A”, “accurate / faithful”: “”,
“idiomatic / good word choice”: “”, “good style /
tone”: “”, “awkward / unnatural”: “B”, “overly lit-
eral”: “”, “mistranslation / meaning error”: “tie”,
“omission / addition”: “”, “grammar / mechanical
error”: “”}

Example 2:

Original French: [French source text]

Translation A: [some translation preserving Mi-
lady’s voice]

Translation B: [some translation]

Comment: “A sounds more like Milady would
speak.”

Correct labels:

{“fluent / natural”: “”, “accurate / faithful”: “”,
“idiomatic / good word choice”: “”, “good style
/ tone”: “A”, “awkward / unnatural”: “”, “overly
literal”: “”, “mistranslation / meaning error”: “”,
“omission / addition”: “”, “grammar / mechanical
error”: “”}

Respond with ONLY a JSON object. No explana-
tion, no markdown, no backticks.

For each instance, the user prompt was con-
structed using the following template:
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Original French: {original}

Translation A: {a_pred}

Translation B: {b_pred}

Annotator comment:

“{comment}”

Quality labels:

- fluent / natural

- accurate / faithful

- idiomatic / good word choice

- good style / tone

- awkward / unnatural

- overly literal

- mistranslation / meaning error

- omission / addition

- grammar / mechanical error

Return a JSON object mapping each quality label
to “A”, “B”, “tie”, or “”. Remember: most should
be empty. Only tag what the comment explicitly
discusses.

G Descriptions of Each SEMSIM Level
(Table 11)

H Human Evaluation Interface Details

Across all tasks, no source text or translation is
repeated within a survey, across survey variations
for the same task, or in any other task.

Translators were informed of the duration, the
pay, and the nature of the task before accepting the
job.

In Figure 9 and 10, we show the instructions and
the UI for annotation on Label Studio, as well as
an example question.

I Example Translation Outputs from
Different MT Systems (Table 12)
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SEMSIM Description Dataset

1.0 Completely identical. Medium+High
Unfiltered

[0.9− 1.0) Almost identical, except for minor punctuation differences, Medium+High
e.g., single vs double quotation marks, or word replacement Unfiltered
(by a synonym or a phrase).

[0.85− 0.9) Differences happen more often, but they are still variations Medium+High
that are not meaningful. Compared to the 0.9-1.0 similarity, Unfiltered
the difference can be clausal instead of just one or two words.
However, the overall amount of information is about the same.

[0.45− 0.85) Very meaningful variations. The paraphrases are more likely Medium
to be visually dissimilar. Sometimes, the amount of information Medium+High
can differ much more: some translators are more verbose, Medium+Low
others are more succinct. Unfiltered

[−1− 0.45) Noisy paraphrases that have an overall information mismatch. Medium+Low
Paraphrases can be misaligned or erroneous, or translators Unfiltered
diverge too much in their interpretations.

Table 11: Different levels of semantic similarity score (SEMSIM) and their characteristics. See Section 4 for how
we compute SEMSIM given a source text and its reference translations. The dataset column indicates the datasets
that include paraphrases from the corresponding SEMSIM range.

Figure 9: The instructions shown to translators before starting the annotation process. The human evaluation task
was hosted on Label Studio.
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Figure 10: A screenshot of the Label Studio interface used for human evaluation, showing an example question
presented to translators.
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System Output

Source (FR) — Ah! voilà qui est nouveau, reprit le roi. N’allez-vous pas dire que vos trois mousquetaires damnés,
Athos, Porthos et Aramis et votre cadet de Béarn, ne se sont pas jetés comme des furieux sur le pauvre
Bernajoux, et ne l’ont pas maltraité de telle façon qu’il est probable qu’il est en train de trépasser à cette
heure! N’allez-vous pas dire qu’ensuite ils n’ont pas fait le siège de l’hôtel du duc de La Trémouille, et
qu’ils n’ont point voulu le brûler! ce qui n’aurait peut-être pas été un très grand malheur en temps de
guerre, vu que c’est un nid de huguenots, mais ce qui, en temps de paix, est un fâcheux exemple. Dites,
n’allez-vous pas nier tout cela?

Human 1 “Ah! That’s a new one,” replied the king. “Are you going to tell me that your three damned musketeers,
Athos, Porthos, and Aramis, and your cadet from Béarn, haven’t sprung like furies on poor Bernajoux
and injured him so badly that by now he’s probably dead? Are you going to tell me that they didn’t lay
siege to the hôtel of the Duc de La Trémouille, and that they didn’t try to burn it down? Of course, that
might not be such a bad thing in times of war, since it’s a nest of Huguenots—but in peacetime, it sets a
bad example! Speak! Isn’t this what you’re going to tell me?”

Human 2 “Ah! here’s something new!” the king picked up. “Are you going to tell me that your three damned
musketeers, Athos, Porthos, and Aramis, and your lad from Béarn, didn’t throw themselves like madmen
on poor Bernajoux and mistreat him so badly that he’s probably on his way out of this world as I speak?
Are you going to say that after that they didn’t lay siege to the hôtel of the duc de La Trémouille, and
that they didn’t intend to burn it? Which would perhaps have been no great misfortune in time of war,
seeing that it’s a nest of Huguenots, but which, in time of peace, is a regrettable example. Tell me, are
you going to deny all that?”

Unfiltered (all) “Ah! this is new,” resumed the king. “Do you not say that your three damned musketeers, Athens,
Porthos, and Aramis, and your Cadet de Béarn, did not rush like madmen upon poor Bernajoux, and
did not so badly treat him that he is probably dying at this hour? Do you not say that they did not siege
the Duke de La Trémouille’s house, and did not want to burn him! which would not have been a great
misfortune in war, since it is a nest of Huguenots, but which in peace is a dreadful example. Say, do you
not deny all this?”

Medium+high
(all)

“Ah! this is something new,” continued the king. “Don’t you say that your three damned musket-boys,
Athenos, Porthos, and Aramis, and your Cadet de Béarn, did not throw themselves like mad on poor
Bernajoux, and not so ill-treated him that he is probably in the process of dying at this hour! Don’t you
say that they did not seize the Duke de La Trémouille’s house, and that they did not want to burn him!
This would perhaps not have been a great misfortune in war, since it is the nest of Huguenots, but which
in peace is a nasty example. Say, will you not deny all this?”

Synthetic
(Gemma3)

“Ah! that is new,” resumed the king. “Don’t you say that your three damned mousquetaires, Athens,
Porthos, Aramis, and your cadet of Béarn, did not throw themselves like furious beasts upon poor
Bernouch, and did not treat him so badly that he is probably on the point of passing through! Don’t you
say that they did not take siege on the Duke de La Trémouille’s house, and that they did not want to burn
him! which would not have been very bad in wartime, since it was a nest of Hunchbacks, but which, in
peace, is a nasty example. Say, will you not deny all this?”

Synthetic (Mis-
tral)

“Ah, this is a new thing,” resumed the king. “Don’t you say that your three damned musketeers, Athens,
Porthos, and Aramis, and your scholar of Béarn, did not throw themselves like furious beasts upon poor
Bernajoux, and did not treat him so badly that he is probably in the process of passing this hour! Don’t
you say that they did not seize the siege of the Duke de La Trémouille’s house, and did not want to burn
him! which would perhaps not have been a great misfortune in war, since it is a nest of Huguenots, but
which, in peace, is a dreadful example. Say, will you not deny all this?”

Synthetic
(Qwen3)

‘Ah, that’s nothing new,’ the king went on. ‘Don’t you say that your three damned spies, Athenaeus,
Porthos and Arimas, and your cadet of Benares, did not throw themselves like a madman upon poor
Bernard, and did not treat him so badly that he is probably going to be passing through this hour! Don’t
you say that they did not take the Duke of La Trémoïlles’ house, and did not want to burn it! What
would have been a great misfortune in war, since it was a nest of Hunchbacks, but what is a shameful
example in peace. Say, won’t you hide all this?’

Table 12: Example system outputs for a source paragraph from Les Trois Mousquetaires (The Three Musketeers) by
Alexandre Dumas.


